Transcription elongation can be modelled as a three step process, involving polymerase translocation, NTP binding, and nucleotide incorporation into the nascent mRNA. This cycle of events can be simulated at the single-molecule level as a continuous-time Markov process using parameters derived from single-molecule experiments. Previously developed models differ in the way they are parameterised, and in their incorporation of partial equilibrium approximations.
necessary or unnecessary model parameters. We describe publicly accessible and open-source software that can a) simulate, b) perform inference on, and c) compare models of transcription elongation. [6] showing dsDNA being transcribed by RNA polymerase (grey ellipse) into mRNA. Two polystyrene beads are tethered to the system allowing forces to be applied using optical tweezers. An assisting load F > 0 acts in the same direction as transcription (top) while a hindering load F < 0 opposes (bottom). Such single-molecule studies of the TEC have revealed that RNA polymerases 17 progress in a discontinuous fashion [6, [13] [14] [15] [16] with step sizes that correspond to the 18 dimensions of a single nucleotide (3.4Å [17] ). Consequently, at the single molecule level, 19 transcription is best modelled as a discrete process rather than a continuous one. 20 A single cycle in the main transcription elongation pathway ( Fig 2) requires (1) 21 Forward translocation of the RNA polymerase, making the active site accessible; (2) 22 Binding of the complementary nucleoside triphosphate (NTP); (3) Addition of the 23 nucleotide onto the 3 end of the mRNA. This third step involves NTP hydrolysis, with 24 a nucleoside monophosphate added onto the chain and pyrophosphate released from the 25 enzyme. 26 Our study aimed to identify the best model to describe this reaction cycle for RNAP, 27 pol II and T7 pol, based on analysis of published force-velocity data. As there are three 28 reactions, up to six rate constants may be necessary for a kinetic model of a single 29 nucleotide addition. These describe forward and backwards translocation (k f wd and 30 k bck ), binding and release of NTP (k bind and k rel ), and NTP catalysis and 31 reverse-catalysis (k cat and k rev ), also known as pyrophosphorolysis [18] . However fewer 32 than six parameters may be required in practise. 33 First, it is reasonable to assume that polymerisation is effectively irreversible [19] [20] [21] [22] , 34 as pyrophosphorolysis is a highly exergonic reaction, reducing the number of rate transcription bubble, and (2) the basepair at the upstream end of the DNA/mRNA 48 hybrid Fig 2B. To translocate backwards two different basepairs must be disrupted: (1) 49 the basepair at the upstream edge of the transcription bubble, and (2) the basepair at 50 the downstream end of the DNA/mRNA hybrid. If the 5 end of the mRNA has folded 51 then it too may need to be unfolded to facilitate backwards translocation but this is not 52 a component of our models [21, 23] . 53 The energetics of disruption are dependent on the position within the template. The 54 standard Gibbs free energies involved in duplex formation can be calculated using 55 nearest neighbour models. For example in SantaLucia's DNA/DNA parameters [24] 5 56 TA/AT is the weakest doublet with ∆G (bp) = −0.58 kcal/mol while 5 GC/CG is the 57 strongest with ∆G (bp) = −2.24 kcal/mol at 37°C. A good model of translocation should 58 account for the relative strengths of these basepairs when estimating k f wd (l) and 59 k bck (l), or the ratio between the two, at any given position in the template. By 60 accounting for sequence specificity in this fashion, transcriptional pause sites have been 61 predicted with varying levels of success [8, 22, 23] . 62 Irrespective of equilibrium assumptions and parameterisation, transcription 63 elongation under applied force can be modelled in two fundamentally distinct ways. 64 First, there are the deterministic equations which can be used to calculate the mean 65 pause-free elongation velocity v(F, [NTP]) as a function of force F and NTP 66 concentration [NTP] . An example is the 3-parameter model [6] :
where δ is the distance between adjacent basepairs (3.4Å), K D = k rel k bind is the equilibrium constant of NTP binding, K τ = k bck k f wd is the equilibrium constant of 69 translocation, k B is the Boltzmann constant, and T is the absolute temperature. 70 Increasingly complex equations may be used as more parameters or states are added to 71 the model [6, 8, 21] . Such equations describe the velocity averaged across an ensemble of 72 molecules. Parameter inference applied to velocity-force-[NTP] experimental data is 73 straightforward and computationally fast when using these equations. However these 74 equations do not describe the distribution of velocity nor do they account for site 75 heterogeneity across the nucleic acid sequence and therefore cannot predict local 76 sequence effects.
77
Second, there are the stochastic models, which can be implemented via simulation 78 using the Gillespie algorithm [25] . The mean velocity can be calculated by averaging 79 velocities over a number of simulations for a given F and [NTP]. This offers not just the 80 mean but a full distribution of velocities and could potentially explain emergent 81 properties unavailable from a deterministic model. Unfortunately, simulating can be 82 very slow and therefore parameter inference can be a problem.
83
In this study we used a Markov-chain-Monte-Carlo 84 approximate-Bayesian-computation (MCMC-ABC) algorithm [26] to estimate 85 transcription elongation parameters for stochastic models. The observed pause-free 86 velocities we are fitting to were measured at varying applied force and NTP 87 concentration. For each RNA polymerase under study -E. coli RNAP, S. cerevisiae pol 88 II, and T7 pol -we fit to one respective dataset from the single-molecule 89 literature [6, 27, 28] .
90

Results
91
Notation and state space 92 Suppose the TEC is transcribing a gene of length L. Then let S(l, t) denote a TEC 93 state, where the mRNA is currently of length l ≤ L, and t ∈ Z describes the position of 94 the active site with respect to the 3 end of the mRNA. When t = 0 the polymerase is 95 pretranslocated and cannot bind NTP, and when t = 1 the polymerase is 96 posttranslocated and can bind NTP (Fig 2) . This study is focused on the main 97 elongation pathway and the observed velocities being fitted have pauses filtered out.
98
Therefore, although additional backtracked states (t < 0) [6, 29, 30] and 99 hypertranslocated states (t > 1) [31, 32] exist, these are not incorporated in the model. 100
Parameterisation of the translocation step 101
While inferences about the rate constants associated with NTP binding and catalysis 102 (k bind , k rel , and k cat ) can be made directly from the data, the translocation step is more 103 complex. Chemical rate theory is invoked in order to estimate k f wd and k bck . Recasting 104 the problem in this way (1) allows the sequence-dependence of translocation to be 105 incorporated by considering the energetics of basepairing, and (2) provides a way of 106 accommodating the effects of applied force on the elongation process.
107
The rates of translocation are calculated from three parameters -∆G τ 1 , δ 1 , and 108 ∆G † τ -together with the standard Gibbs energies of the pre and posttranslocated states 109 ∆G 
dependent on the local sequence. The physical meaning of the parameters and they way 114 they are used in the model is detailed below.
Energetic bias for the posttranslocated states 116 ∆G τ 1 (units k B T ) is an additive term used in calculating the standard Gibbs energy of 117 the posttranslocated state. If ∆G τ 1 = 0, then the sequence alone determines the Gibbs 118 energy difference between pre and posttranslocated states. In this case, pretranslocated 119 states are usually favoured over posttranslocated states due to the loss of a single 120 basepair in the hybrid of the latter. If the system has time to reach equilibrium, the 121 probability of observing the pretranslocated state S(l, 0) and posttranslocated state 122 S(l, 1) are:
This is described by equilibrium constant K τ :
∆G τ 1 has frequently been estimated for T7 pol [33] [34] [35] and there has been some 125 discussion around whether such a term is necessary for RNAP [8] .
126
Polymerase displacement and formation of the transition state 127 δ 1 (unitsÅ) is the distance that the polymerase must translocate forward to facilitate 128 the formation of the transition state. The distance between adjacent basepairs is held 129 constant at an experimentally measured value δ = 3.4Å [17] , and 0 < δ 1 < δ. The 130 response of the system to an applied force F depends on this term. In general, the 131 application of force F tilts the Gibbs energy landscape -the Gibbs energy difference 132 between adjacent translocation states being augmented by a factor F δ k B T (Fig 3 [1 , 36] ). 133 It may be necessary to estimate δ 1 to model the data adequately [21] , or it may be 134 sufficient to simply set δ 1 = δ/2 [36] . 135 Energy barrier of translocation
is an additive term used in calculating the activation barrier height in 137 the translocation step. Let T (l, t) be the translocation transition state between S(l, t) 138 and S(l, t + 1). Then ∆G † T (l,t) is the sequence-dependent standard Gibbs energy of 139 activation which must be overcome in order to make this translocation. It is assumed 140 this can be written as: T (l,t) as the mean of the basepairing energies of 146 two neighbouring translocation states. We have taken a third approach, where the 147 basepairing configuration of the transition state is approximated by examining the 148 basepairs in the two adjacent translocation states, and the Gibbs energy of the 149 transition state is evaluated directly. While these models could give different predictions 150 of local sequence effects, they are not expected to affect the mean elongation velocity 151 over a long sequence. For more information see S3 Appendix.
152
Given an applied force F , the translocation rate from the pre to the posttranslocated 153 state k f wd (l) and vice versa and k bck (l) are calculated from this barrier height using the 154 using an Arrhenius type relation:
where pre-exponential factor A is held constant at 10 6 s −1 . This parameter has been 156 arbitrarily set to a variety of values in previous studies (10 6 − 10 9 s −1 [21] [22] [23] ). This has little consequence for model fitting, however the value of ∆G † τ is entangled with the 158 value of the pre-exponential factor A and can only be meaningfully interpreted in light 159 of this value. 
168
However fewer than 6 parameters may be needed to adequately describe the data. If 169 it is assumed that the energy differences between pre and posttranslocated states are 170 determined by basepairing energies alone, the parameter ∆G τ 1 does not need to be 171 estimated. If it is assumed that the displacement required for formation of the 172 translocation intermediate state is half the distance between adjacent basepairs, the 173 parameter δ 1 does not need to be estimated. Partial equilibrium approximations may 174 also simplify the model. If binding is approximated as an equilibrium process, k bind 175 does not need to be estimated. If translocation is approximated as an equilibrium 176 process, ∆G † τ and δ 1 do not need to be estimated. One, both, or neither of these two 177 steps could be assumed to achieve equilibrium, thus yielding four equilibrium model 178 variants ( Fig 4A) . 179 NTP binding has been modelled as both a kinetic and equilibrium process in the 180 literature [6, 21, 22] . In a kinetic binding model, NTP binding occurs at pseudo-first Incorporating these simplifications to the model in a combinatorial fashion results in 190 a total of 12 related models, which together constitute the model space. Our objective 191 was to determine which of these 12 models provides the best description of the [25, 37] , can be used to estimate the mean elongation velocity under a model. 199 The estimation of mean velocity can be broken down into three steps. First, the is randomly sampled. The probability that reaction S k − → S is selected is proportional 204 to its rate constant k (Fig 2) . The amount of time taken for the reaction to occur is 205 sampled from the exponential distribution. States which are subject to a partial 206 equilibrium approximation are coalesced into a single state, which augments the 207 outbound rate constants. The second step is repeated until the RNA polymerase has 208 copied the entire template. Third, the previous two steps are repeated c times. The 209 mean elongation velocity is evaluated as the mean of each mean elongation velocity 210 across c simulations. For more information, see S1 Appendix.
211
Model selection with MCMC-ABC
212
Our aim was to 1) use Bayesian inference to select the best of 12 models for each RNA 213 polymerase; and 2) estimate the parameters for those of the 12 transcription elongation 214 models which appear in the 95% credible set of the posterior distribution. Selecting 215 prior distributions behind each parameter is a critical process in Bayesian inference. A 216 prior distribution should reflect what is known about the parameter before witnessing 217 the new data. We have explicated our prior assumptions, with justifications, in Table 2 . 218 We performed MCMC-ABC experiments which estimated the parameters and model 219 indicator M i for i ∈ Z, 1 ≤ i ≤ 12. Models which appear more often in this posterior sample size (ESS) by running the MCMC chains sufficiently long in order to provide 222 accurate parameter estimates for all sampled models.
223
Based on the MCMC-ABC experiments ( Table 1 ) the best models for the datasets 224 examined are Models 11 and 12 for both RNAP and pol II, and Model 5 for T7 pol. that the T7 pol model does not explain the data as well as that of RNAP or pol II.
241
A high ESS (> 100-200 [38] ) is essential for making reliable parameter estimates.
242
Almost all parameters in the 95 % credible set of models are sufficiently estimated by 243 this criterion. Unfortunately, the ESS of k rel k bind is very low in the kinetic binding models 244 (Model 5 for T7 pol and Model 12 for RNAP/pol II), particularly for RNAP where the 245 ESS = 11. In contrast to the other parameters, obtaining a sufficient ESS for k rel k bind was 246 not computationally realisable. The fundamental issue, apparent from simulations (see 247 S4 Appendix) is that the datasets do not inform on NTP binding kinetics.
248
Discussion
249
In this paper we evaluated some simple Brownian ratchet models of transcription 250 elongation ( Fig 2) . By varying the parameterisation of the translocation step ( Fig 3) 251 and incorporating partial equilibrium approximations commonly invoked in the 252 literature ( Fig 4A) we enumerated a total of 12 related models ( Fig 4B) . Using 253 stochastic simulations and approximate Bayesian computation, we then assessed which 254 of these models were capable of describing the force-velocity data previously measured 255 for several RNA polymerases using single-molecule optical trapping 256 experiments [6, 27, 28] . 257 Our analysis suggests that 1) different partial equilibrium approximations are 258 appropriate for the multisubunit RNA polymerases versus the single subunit T7 RNA 259 polymerase. 2) Treatment of the NTP binding step remains a point of ambiguity. The 260 existing data does not place strong constraints on the modelling of this step. 3) There is 261 an energetic bias for posttranslocated state. 4) The model of the translocation step, 262 which evokes chemical rate theory, is not physically realistic.
263
Relation to previous models and stochastic simulations 264
There is an extensive literature concerned with the kinetic modelling of transcription 265 elongation. Such models may incorporate backtracking, hypertranslocation, and other 266 reactions. Here we are concerned with only with the central elongation pathway as we 267 fit the models to pause-edited single-molecule data. Table S3 of [21] ). We build on this work by providing a 276 systematic Bayesian framework for model comparison and parameter estimation.
277
While our analysis employed sequence-dependent stochastic models, comparisons can 278 also be made with some deterministic models. modelled only NTP binding as an equilibrium process [21, 35] . They also estimated the 286 distance of translocation. These deterministic models are most similar to Model 11.
287
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Finally, Mejia et al. 2015 [41] used a model that is quite different to all the above 288 models, as it does not explicitly treat translocation. Instead elongation is modelled with 289 a two step kinetic scheme, the first step involving NTP binding and conformational 290 change, and the second step involving nucleotide incorporation and product release.
291
This model is most similar to a special case of Model 5 where ∆G τ 1 becomes extremely 292 negative, driving the polymerase into the posttranslocated position.
293
Translocation rates differ among RNA polymerases 294 For RNAP and pol II, we estimate that a partial equilibrium approximation for the 295 translocation step is inadequate. The posterior probability that such models are 296 inadequate is 1.00 (see Table 1 ). For T7 pol, however, translocation is significantly 297 faster than catalysis and is best modelled with a partial equilibrium approximation.
298
This same posterior probability is 0.00. Using estimates for ∆G † τ and ∆G τ 1 under the 299 maximum posterior models (Model 11 for RNAP and Model 12 for pol II) we estimate 300 the mean forwardk f wd and backwardk bck translocation rates averaged across the rpoB 301 sequence as: 268.5 s −1 and 116 s −1 for RNAP, and 401.3 s −1 and 10.96 s −1 for pol II, 302 respectively. These estimates are within one order of magnitude of the respective 303 estimate for the rate of catalysis (see Table 1 ) suggesting that translocation and 304 catalysis indeed occur on similar timescales.
305
For RNAP and pol II, translocation has frequently been modelled as an equilibrium 306 process [6, 22, 27, 39, 41] , however in some recent analyses this assumption has been 307 rejected [21, 23, 35, 42, 43] . Our Bayesian analysis supports this. In contrast, there is 308 general agreement that translocation in T7 pol is adequately modelled as an equilibrium 309 process [28, 44, 45] .
310
The data does not determine the kinetics of the NTP binding 311 step 312 It remains unclear how to best model the NTP binding step. Models that describe NTP 313 binding as a kinetic process have posterior probabilities of 0.14 for RNAP, 0.78 for pol 314 II and 0.993 for T7 pol (Table 1 ). However, in our sensitivity analysis, where we used 315 different prior distributions for K D , these probabilities were 0.65, 0.22, and 0.19, Furthermore, our kinetic-binding-model estimates for k rel k bind and sometimes k bind have 320 HPD intervals which span multiple orders of magnitude (Table 1) , again suggesting that 321 it is not achievable to estimate both of these parameters simultaneously from this data 322 alone.
323
The pause-free mean velocities measured during transcription elongation follow 324 Michaelis-Menten kinetics [46] even though the reaction cycle is more complicated than 325 that of a simple enzyme. As such, the inability to resolve the timescale of the substrate 326 binding step is unsurprising [47] [48] [49] .
327
NTP binding is almost always assumed to achieve equilibrium for RNAP, pol II and 328 T7 pol [6, 21-23, 27, 28, 35, 39, 40, 45] RNAP has an energetic preference for the posttranslocated 332 state 333
In previous stochastic sequence-dependent models [22, 23] the standard Gibbs energies 334 of the pre and posttranslocated states have been based solely on the nucleic acid 335 basepairing energies. Our models include an additional term, ∆G τ 1 , to account for 336 potential interactions between the protein and the nucleic acid. The marginal posterior 337 probability of a model in which an additional term ∆G τ 1 is required is 1.00 in all three 338 polymerases. In each case ∆G τ 1 was estimated to be less than 0 k B T and 0 k B T is not 339 included in the 95% highest posterior density (HPD) ( Table 1 ). We find that ∆Ĝ τ 1 is 340 the most significant in pol II and T7 pol: [22, 24] ) is included in the thermodynamic model. The energetic bias for 347 the posttranslocated state is separable from this effect.
348
To facilitate comparison with previous deterministic models, using our estimates of 349 ∆G τ 1 we calculated the equilibrium constant between the pre and posttranslocated 350 states. Geometrically averaged across the rpoB gene, these are
0.7872 for RNAP 0.04972 for pol II 0.0942 for T7 pol.
Thus, for all three polymerases, the small energetic preference that the protein has 352 for the posttranslocated state is sufficient to override the loss of basepairing energy, 353 thereby biasing the system towards population of the posttranslocated positions. This is 354 in agreement with some estimates for T7 pol and pol II which place K τ less than 355 1 [27, 28, 33, 34, 39] and KIreeva et al. 2018 [43] : "forward translocation occurs in 356 milliseconds and is poorly reversible". However these estimates are inconsistent with 357 some RNAP and pol II studies which place this ratio above 1 [6, 21, 35] .
358
Kinetic modelling can itself suggest no physical mechanism for the stabilization. Yu 359 et al. 2012 [34] have identified a conserved tyrosine residue near the active site of T7 pol 360 that pushes against the 3 end of the mRNA, and thus stabilises the posttranslocated 361 state. They propose a similar mechanism for the multi-subunit RNA polymerases. Our results suggest that δ 1 , the distance that RNA polymerase must translocate 365 forward by to reach the translocation transition state, is a necessary parameter to 366 estimate for RNAP and pol II. Setting δ 1 = δ/2 is not sufficient. The marginal posterior 367 probability of models which estimate this term is 1.00. δ 1 is irrelevant to the modeling 368 of the T7 pol data because the best models invoke a partial equilibrium approximation 369 for the translocation step.
370
While our prior distribution restricted δ 1 to lie in the range (0, δ), the upper end our 371 95% HPD intervals of δ 1 for RNAP and pol II are very close to δ = 3.4Å (3.400Å (4 sf) 372 for both polymerases). If it was not for this prior distribution, δ 1 estimates would have 373 included values higher than δ. Similar results have been observed by Maoiléidigh et al. 374 2011 [21] for RNAP using the same dataset.
Our interpretation of δ 1 implies it should never be greater than δ nor should δ be 376 more than the width of one basepair. The physical meaning of δ 1 with values greater 377 than δ is thus unclear. It is worth noting that δ 1 is only used when F = 0.
378
Comparing the kinetics of RNA polymerases 379 The in vivo rate of transcription elongation varies considerably across RNAP, pol II and 380 T7 pol. The prokaryotic and eukaryotic RNA polymerases have a mean rate ranging 381 from 25-100 bp/s [50] [51] [52] [53] [54] [55] [56] , which may be slowed down in histone-wrapped regions of 382 eukaryotic genomes [9] . Meanwhile Bacteriophage T7 pol operates an order of 383 magnitude faster (around 200-240 bp/s [50, 57] ). Furthermore, T7 pol is known to be 384 quite insensitive to pause sites during transcription elongation [11, 28] . 385 In additional to these differences, we have shown that translocation of T7 pol is very 386 rapid, while translocation of RNAP and pol II is a slower process. Furthermore, the 387 model does not fit the data for T7 pol as closely it does for the other two (S3 Fig) . T7 388 pol therefore seems to operate under quite a different kinetic scheme than that of 389 RNAP and pol II, which is not unexpected given its distant evolutionary relationship 390 with the cellular polymerases [5] .
391
In general the velocity of RNA polymerases is significantly slower in an optical trap 392 (estimates ranging from 9.7-22 bp/s for RNAP [13-15, 41, 58] ) than the velocity of the 393 untethered enzyme (estimates in vitro or in vivo ranging from 25-118 bp/s for 394 RNAP [50, 51, 59, 60] ). This relationship holds for multiple RNA polymerases including 395 E.coli RNAP, S.cerevisiae pol II [35, 39, 61, 62] , Bacteriophage T7 pol [11, 28, 50, 63] , and 396 Bacteriophage Φ6 P2 [12, 64] . This suggests that optical trapping perturbs the system 397 to a significant extent. Additionally, varying degrees of heterogeneity in elongation rate 398 have been observed across different polymerase complexes under the same 399 conditions [13, 15, 28] . 400 The velocity perturbations resulting from the optical trapping apparatus will be 401 propagated into the model parameters eg. k cat , k bind , ∆G † τ , and some caution is needed 402 when extrapolating these results to untethered systems.
403
Bayesian inference of transcription elongation 404 To our knowledge we are the first to perform Bayesian inference on single-molecule 405 models of transcription elongation. This was achieved by simulation which necessitated 406 the use of approximate Bayesian computation. An alternative would be to build and use 407 a likelihood function, which would involve constructing a rate matrix for the 408 transcription elongation pathway and exponentiating the rate matrix to calculate the 409 likelihood (ie. the probability of taking exactly t units of time for RNA polymerase to 410 copy the sequence n times). This would be computationally faster however a multitude 411 of numerical issues can arise from matrix exponentiation when the rate matrix is large, 412 or has an absorbing state. This is an approach which we would like to explore in the 413 future. 414 We have demonstrated that single-molecule data can be usefully analysed using a 
Materials and methods
419
Nucleic acid thermodynamics 420 To estimate the standard Gibbs energies ∆ r G 0 of basepairing, we used SantaLucia's 421 parameters for DNA/DNA basepairs [24] and Sugimoto's parameters for DNA/RNA 422 basepairs [65] . Gibbs energies are described relative to the thermal energy of the system 423 by expressing ∆ r G 0 (= ∆G) in units of k B T instead of kcal/mol, where k B T = 0.6156 424 kcal/mol at T = 310 K. We set T = 310 K as this is the temperature the nearest 425 neighbour models were constructed at [24, 65] . 426 The basepairing Gibbs energy ∆ (bp) total for a given state is the sum of basepairing plus 427 dangling end Gibbs energies in the DNA/RNA hybrid ∆ The effective diameter of RNAP (Fig 1) was calculated from an RNAP crystal 431 structure (PDB: 4MEY [66]) using 3V [67] . Effective diameter is defined as the diameter 432 of a sphere which has the same surface-area to volume ratio as the original object.
433
Single-molecule simulations were performed using the Gillespie algorithm [25] . These 434 datasets we fit to are all from the single-molecule literature and are presented in: 2008 [28] for T7 pol. To computationally replicate these experiments as faithfully as we 438 could with the available information and computational limitations, simulations in this 439 study were run on the 4 kb E. coli rpoB gene for RNAP (GenBank: EU274658), the 440 first 4.75 kb of the human rpb1 gene for pol II (NCBI: NG 027747) the first 24 kb of the 441 Enterobacteria phage λ genome for T7 pol (NCBI: NC 001416). The mean velocities 442 from 32 (for RNAP), 10 (for pol II) and 3 (for T7 pol) simulations of the full respective 443 sequences were used to estimate the mean elongation velocity during MCMC-ABC, 444 given F and [NTP].
445
A hybrid length of h = 9 bp, upstream-bubble size of β 1 = 2 bp and 446 downstream-bubble size of β 2 = 1 bp were used [21, 68] . While there is some uncertainty 447 in these parameters, and they may differ between RNA polymerases, they are not 448 expected to have any effect on mean elongation velocity over a long sequence and were 449 thus held constant. 450 We used an MCMC-ABC algorithm for parameter inference and model 451 selection [26, 69] . A heavy-tailed distribution [70] was used as a proposal distribution 452 where the parameter to change is selected uniformly at random. To achieve burn-in we 453 used an exponential cooling scheme on [71] where i+1 = max( min , i γ) for manually 454 tweaked values of 0 < γ < 1 and 0 . Chains which failed to converge were discarded.
455
For model selection we ran one or more independent MCMC-ABC chains for each 456 selected min / RNA polymerase combination. Selecting the threshold min is a critical 457 process in approximate Bayesian computation. Threshold min must be large enough to 458 achieve convergence with finite computational resources, but small enough that the 459 resulting posterior distribution is still an accurate approximation of the true posterior 460 distribution. We evaluated model fit using the chi-squared test statistic X 2 . This means 461 that only model-parameter samples which simulated a set of elongation velocities that 462 closely agree with the data, such that X 2 < min , were accepted into the respective 463 posterior distribution. For each RNA polymerase we set min to some initial guess.
464
Then we ran the MCMC chain until the ESS for X 2 was large (> 300) and lowered min 465 to the bottom 0.05 quantile of the posterior distribution of X 2 . This step was repeated 466 until either: a) the distribution of model indicators M converged (model posterior 467 probabilities have changed by less than 0.01, on average). Or, b) the acceptance rate 468 was less than 5%. This was because when the acceptance rate became low, continuing 469 to lower min became too expensive. The values of min we ended up using in the final 470 posterior distributions were 2.39 for RNAP, 0.705 for pol II, and 4.63 for T7 pol.
471
Effective sample sizes and 95% highest posterior density (HPD) intervals were 472 calculated using Tracer 1.6 [38] . Parameters were estimated using the geometric median: Supporting information 489 S1 Appendix. Stochastic simulation.
490
Reactions are simulated using the Gillespie algorithm [25] . Given the current state s 491 and a set of possible reactions s → s 1 , s → s 2 , . . . , s → s n with rate constants 492 k 1 , k 2 , . . . , k n , the next reaction to perform is sampled proportional to its rate:
The amount of time the reaction takes to occur is sampled from the exponential 
We do not have a likelihood function and instead must simulate, using the 500 chi-squared test statistic X 2 to evaluate how well a given set of parameters fits the data: 501 [8-10, 22, 41] , while elongation velocity goes up to 100 bp/s in vivo [51, 52, 55, 72] . Distribution selected such that (10, 100) is central 95% interval. For T7 pol k cat and elongation velocity estimates range from 43 -240 [11, 50, 63, 73] . Distribution selected such that (40, 240) is central 95% interval.
Estimates for K D under binding equilibrium models range from 20-140 µM [8, 20, 39, 40, 62] . In models where binding is kinetic and slow, K D ≡ krel kbind could be much lower (S4 Appendix). To accomodate for both binding models, the prior distribution was selected such that the central 95% interval is (0.2, 200). For RNAP and pol II, centered around 0 with a standard deviation comparable to the free energy of a single nucleotide basepair doublet, and such that the 95% central interval is (-4, 4) .
For T7 pol ∆G τ 1 has been estimated as -4.3 [40] and -4.87 k B T [33] . However these estimates are likely resulting partially from dangling ends. Thus, we subtracted the mean dangling end contribution of ∼ -1 k B T [24] and centered the prior around this interval with a standard deviation the same as above.
Normal(µ = 5.5, σ = 0.97) for RNAP/pol II Normal(µ = 2.5, σ = 1.36) for T7 pol Central 95% interval set so that translocation is a slow kinetic step (S4 Appendix ). Selected so that 99% central interval is (3, 8) for RNAP and pol II, and (-1, 6) for T7 pol. Prior distributions behind all estimated parameters and the model indicator. Unless specified otherwise, the prior distribution is used for all three RNA polymerases. Lognormal priors (parameterised in log space) are used for rates and equilibrium constants while normal priors are used for Gibbs energy terms.
where S i is the mean velocity simulated under the same [NTP] and assisting force F 502 that D i was measured under. The probability that X 2 = 0 is equal to the likelihood 503 P (D|Θ), however it is computationally impractical to only accept parameters into the 504 posterior distribution when the simulation yields X 2 = 0. Therefore a threshold is 505 used and sample Θ i is accepted into the posterior only if X 2 (Θ i ) < . This method is 506 called approximate Bayesian computation [26, 69] . This is coupled with Markov chain 507 Monte Carlo (MCMC) to give the MCMC-ABC algorithm which is becoming 508 increasingly popular among computational biologists [26, 71] . We demonstrate four methods that can be used to estimate the Gibbs energy of a 519 translocation transition state:
for midpoint model ∆G 
These translocation models are shown in S1 Fig. The first model, which we refer to 521 as the absolute model, is by Bai et al. 2004 [22] . This assumes that the translocation 522 barrier's absolute height is constant for all positions in the template -the energy needed 523 to transit is only dependent on the energy of the translocation state and the value of 524 ∆G † τ . We refer to the second model, introduced by Tadigotla et al. 2006 [23] , as the 525 midpoint model. This model has the desirable property of ∆G † τ being the mean barrier 526 height across the sequence. While these two models are simplistic, they have both met 527 the prediction of pause site positions with some success.
528
Here we demonstrate two more complex models which could be used; both of which 529 estimate the Gibbs energies of basepairing within the transition state and thus describe 530 physical mechanisms. In the melting model, forward translocation involves: first a 531 basepair on the front of the transcription bubble melts (ie. the bubble grows wider by 1 532 nt) and a basepair on the back of the hybrid melts. Second, RNA polymerase moves The sealing model describes a process similar to the melting model however in the 540 reverse order: first a basepair on the back side of the bubble forms (and the bubble 541 seals); second this closing propels RNAP forward by one nucleotide; third a basepair on 542 the front of the bubble melts. This transition state is therefore comprised of 1) dsDNA 543 with all the basepairs found in either s or s (the union), and 2) a hybrid with all the 544 basepairs found in both s and s (the intersection). This TEC has Gibbs energy 545 ∆G (bp) S(l,t)∪S(l,t+1) .
546
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The melting and sealing model describe quite different physical mechanisms of 547 translocation. While these models could give different predictions of local sequence 548 effects, they are not expected to affect the mean elongation velocity over a long 549 sequence. Therefore the experimental data we are evaluating can not discriminate 550 between these four models. For the entirety of this paper we used the melting model.
551
Further investigation will be necessary to determine the accuracy of these four models. 552 S4 Appendix. Prior distributions.
553
Prior for ∆G † τ , which governs the rates of translocation 554 RNAP/pol II: to select a prior for ∆G † τ we simulated transcription on the rpoB gene 555 under Model 3 -the simplest binding equilibrium model. ∆G † τ and k cat were sampled becomes strongly rate-limiting, and it would be appropriate to apply a partial 565 equilibrium approximation to the translocation step. This provides an effective lower 566 bound for parameter ∆G † τ . Therefore we centered our prior distribution for ∆G † τ in this 567 interval (a normal distribution with a mean of 5.5 and a standard deviation of 0.97, so 568 that the central 99% interval is (3, 8) ). We performed the same analysis with different 569 values of K D , as well as varying ∆G τ 1 , and arrived at the same interval for ∆G † τ 570 (results not shown).
571
T7 pol: the same analysis was performed, however with ∆G † τ at its prior mean of Depending on the exact value of k cat , if k bind 0.1 µM −1 s −1 , then it is impossible 578 to achieve a realistic velocity, providing a relatively clear lower bound on this parameter. 579 If k bind 5 µM −1 s −1 then binding becomes very rapid and the same distribution of 580 velocities is obtained in simulations, irrespective of the exact value of k bind . Again this 581 is because catalysis becomes strongly rate limiting in this region, and it would be 582 appropriate to apply a partial equilibrium approximation to the binding step. Hence we 583 centered our (lognormal) prior around the interval (0.01, 5) -the conservatively selected 584 bounds reflecting that the experimental data has been collected at differing NTP 585 concentrations, altering the rate. Performing the same analysis with different 586 parameters gave us a similar prior (results not shown).
587
Prior distribution related to rate of NTP release 588 Most previous estimates of K D have been obtained using models which treated 589 binding as an equilibrium process. This rapid-binding assumption restrains the values 590 which K D may take. Resulting estimates for K D are typically in the order of 10 1 -10 2 591 µM. However for a model in which binding is assumed to be slow estimates of k rel k bind can 592 be lower, without compromising the fit to the data. This is apparent in simulations 593 carried out using Model 2. S2 FigD shows that there is non-identifiability between k rel k bind
